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Abstract—
The state of charge (SOC) is an essential indicator needed for
a proper and safe operation of a battery. A large majority of
methods used to estimate SOC rely on the open circuit voltage
(OCV) curve. The OCV-SOC relationship is characteristic of the
battery chemistry but it may also be affected by the temperature,
aging or even the measurement procedure. In this work, the
effect of these factors on the OCV curve is analyzed and their
influence on the SOC estimation is studied. For this purpose
an extended Kalman filter (EKF) has been used to compare the
SOC estimation performance under different conditions. Also, the
results obtained by two different methods have been compared,
at two different aging states and various temperatures in the
range 5-40◦C.
Index Terms—Lithium-ion, open circuit voltage, state of
charge, Kalman filter, aging, temperature
I. INTRODUCTION
The demand for lithium batteries has experienced a strong
impulse during the last decades due to the need for efficient
and reliable energy storage systems. The electric vehicle
acceptance is growing in recent years because of the increasing
concern about the climate change crisis combined with acqui-
sition cost reduction associated with the economy of scale of
an increasingly mature technology [1], [2].
Nevertheless, the battery is still the most critical element
in EV applications, due to its cost and also because of the
inherent Li-ion technology hazards if operated outside the
limits specified by the manufacturer. For this reason, battery
management systems (BMS) are required in order to monitor
and control battery state, and thus guarantee its reliability and
safety [3]. The state of charge (SOC) estimation is one of the
essential tasks of a BMS as it provides information about the
remaining capacity of the battery which at vehicle level means
the range left before having to stop and charge.
The state of charge cannot be measured directly, so it must
be estimated from parameters such as the voltage or current
flowing through the battery. There are different approaches to
estimate the SOC, such as Coulomb counting, that calculates
the remaining capacity by integrating the current [4], [5];
model based methods, which use electrochemical models [6],
[7] or equivalent circuits [8] to estimate the SOC among
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other parameters; and data-driven methods that rely on large
amounts of testing data to estimate the battery state [9].
Model based methods are widely used and provide higher
accuracy as well as improved convergence compared to sim-
pler methods based on Coulomb counting, without necessarily
implying a great computational cost as in other more complex
methods. These methods generally consist of a model that
estimates the OCV of the battery, among other parameters.
For this purpose, least Squares (LS) [10] or Kalman filter (KF)
based algorithms are frequently used [11]–[14]. The SOC is
finally calculated using a function that models the OCV-SOC
relationship.
There are numerous reviews of the performance of these
methods based on their accuracy, complexity or convergence
time [15], [16]. However, the influence of the OCV-SOC curve
on the performance of these methods is not analyzed in these
works. The OCV-SOC relationship is influenced by factors
such as temperature and battery degradation and this may
affect the SOC estimation [17], [18]. In general, in BMSs
for a given type of battery, a single OCV curve, usually
measured at room temperature (25◦C), is available. Therefore,
to estimate the SOC at different temperatures may lead to
a high error. Similarly, if the OCV-SOC curve has been
measured at beginning of life (BOL), the error will increase
as the battery ages.
Another important factor is the method used for OCV-
SOC mapping, the two methods most commonly used are the
incremental OCV test and the low-current OCV test, the choice
may affect the SOC estimation performance.
This work deals with the differences depending on the type
of OCV test as well as the influence of temperature and
aging. An extended Kalman filter (EKF) is used to compare
the performance of OCV curves obtained under different
conditions through a discharge test based on a real driving
pattern at different temperatures.
II. METHODOLOGY
In this work, 18650 Lithium Nickel Manganese Cobalt
Oxide (NMC) batteries were tested with the specifications
presented in Table I.
NMC-a is a fresh cell only preconditioned before the
experiments while NMC-b is an aged cell which has been
TABLE I
CELL SPECIFICATIONS
Cell Nominal Voltage Nominal Capacity Actual Capacity
[V] [Ah] [Ah]
NMC-a 3.6 3.4 3.41
NMC-b 3.6 3.4 3.14
subjected to 350 full cycles following the World Harmonized
Light-duty Vehicle Test Procedure (WLTP) at 25◦C ambient
temperature, with a consequent 8% of capacity fade after the
process.
Two different methods for mapping the relationship be-
tween OCV and SOC were used, incremental and continuous
charge/discharge averaging.
In the incremental OCV test, after measuring the capacity,
the battery is charged and discharged in 5% SOC intervals,
allowing a relaxation time of three hours between SOCs as
shown in Fig. 1. The terminal voltage at the end of the pause
is considered a proper approximation of the OCV. The OCV-
SOC curve is obtained by averaging the values of both, charge
and discharge curves.
On the contrary, in the averaging method, the battery is
charged at constant rate until the upper cutoff voltage is
reached and then the charge continues at constant voltage until
the current is lower than 0.02C. The discharge is performed
at constant current until the lower cutoff voltage is reached.
Five different C-rates are used to obtain the curves, 0.2C,
0.25C, 0.5C, 0.75C and 1C as shown in Fig. 2. The OCV-
SOC curve is obtained by averaging the values of both charge
and discharge curves, for each considered C-rate, respectively.
The OCV-SOC relationship is measured at 5 different tem-
peratures (5◦C, 15◦C, 25◦C, 35◦C and 40◦C).
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Fig. 1. Current profile and voltage response during the incremental OCV test.
A first-order RC model is adopted to estimate the dynamics
of the battery during the operation as a trade-off between
accuracy and complexity. The equivalent circuit used, shown
in Fig. 3, consists of a resistor R0 representing the ohmic re-
sistance, in series with an RC branch (Rp, Cp) that reproduces
the polarization characteristics of the battery. An ideal voltage
source assumes the role of the OCV while Vt represents the
terminal voltage; Ip is the current through Rp and I is the
load current, with a positive value for charge and a negative
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Fig. 2. Current profile and voltage response to obtain averaging OCV curves
at 0.2C, 0.25C, 0.5C, 0.75C and 1C.
value for discharge. The dynamic behaviour of the battery can
be described in (1).
R0
Rp
Cp
+
_
+
 Ip
OCV
_
Vt
 I
Fig. 3. First order equivalent circuit model.
{
İp =
I
RpCp
− IpRpCp
Vt = OCV +R0I +RpIp
(1)
The equivalent circuit parameters shown above depend on
variables such as temperature or SOC. Thus an EKF is used
to estimate both the model parameters and the battery state
defined by the OCV.
The state-space equations and the recursive computation of
the filter are summarized in Table II
xk is the system state vector at time k, uk is the known
input vector and wk is the process noise; yk is the output
of the system and vk is the measurement noise. wk and
vk are independent, zero-mean, Gaussian noise processes of
covariance matrices Q and R, respectively; f() is the state
equation and h() is the output equation while Ak is the
transition matrix and Hk is the measurement matrix. The
detailed implementation can be found in [12]–[14].
III. OCV CURVES
This paper studies the influence of the parameters that affect
the SOC-OCV curve and their impact on SOC estimation. Two
different techniques for obtaining the curve have been used for
this purpose, the incremental OCV test and a constant current
test at different c-rates. In addition, the effect of battery aging
is studied by comparing a fresh cell with one subjected to
cycles. The sensitivity of the curves to temperature is also
analyzed comparing the curves at 5◦C, 15◦C, 25◦C, 35◦C and
40◦C.
TABLE II
SUMMARY OF THE EKF FOR ONLINE BATTERY STATE AND PARAMENTER
IDENTIFICATION
State-space model:
xk = f(xk−1, uk−1) + wk
yk = h(xk, uk) + vk
Definitions:
x̂k = [Voc,k R0,k Rp,k Cp,k Ip,k]
T
Ak−1 =
∂f(xk−1, uk−1)
∂xk−1
, Hk =
∂h(xk, uk−1)
∂xk
Initialization:
for k = 0, set:
x̂0, P0, Q,R
Computation:
for k = 1, 2, ..., compute:
State estimate time update: x̂−k = f(x̂k−1, uk−1)
Error covariance time update: P−k = Ak−1Pk−1A
T
k−1 +Q
Kalman gain update: Lk = P
−
k H
T
k [HkP
−
k H
T
k +R]
−1
State estimate measurement update:
x̂k = x̂
−
k +Lk[yk − h(x̂
−
k , uk)]
Error covariance measurement update: Pk = (I − LkHk)P−k
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Fig. 4. OCV curves obtained through incremental test and averaging method
at different C-rates.
A. OCV test influence
Fig. 4 shows the OCV curve obtained through the incremen-
tal test and the curves resulting from averaging the charge and
discharge at different current levels. In the bottom graph the
difference to the incremental method is shown.
Firstly, it can be observed that for these NMC cells the least
steep plateau is between 85 and 95% SOC. This means that
small voltage variations in this area will result in a significant
deviation from the estimated SOC. In contrast, below 15%
SOC the slope is higher and the error is expected to be smaller.
It is also noticeable that all the curves converge around 65%
SOC, so the error in that area is minimal.
Next, it should be noted that the curves obtained by averag-
ing are similar regardless of the C-rate used, until 80% SOC
is reached. From that point, the curves obtained through high
currents are not capable to reflect the actual behavior of the
OCV, smoothing the peak and valley that are found in that area.
Compared to the incremental method, the curves obtained at
0.2C and 0.25C show a good accuracy, with an error under
3% in almost the entire SOC range until the plateau is reached
where it goes up to 7%. The curve obtained at 0.5C shows an
acceptable result with errors under 5% in the entire curve,
while for higher C-rates the error in most part of the curve is
higher.
B. Aging dependency
Fig. 5 shows the curves obtained by the incremental method
both in BOL state and after 350 cycles. The error in terms of
SOC between both curves is below 2% over the whole range
of SOC. On the other hand, Fig. 6 shows the same curves but
obtained through averaging at 0.2C. In this case the error is
also small until 80% SOC is reached after which it increases up
to 6%. Considering the result obtained through the incremental
method, it can be deduced that the slower dynamic response
due to the degradation of the battery does not allow to model
the OCV correctly at that C-rate, as in the previous case with
high currents.
C. Temperature sensivity
Fig. 7 shows the curves obtained at different temperatures
using the incremental method and compared with that obtained
at 25◦C. It can be observed that the lower the temperature,
the higher the OCV at low SOC levels, showing the opposite
behavior at the upper end of the curve. Again, there is a
convergence point of the curves around 65% SOC.
Although the greatest difference in voltage is below 20%
SOC, the greatest error in terms of SOC occurs again above
80% due to the plateau in that area. The difference between the
25◦C curve and the higher temperature curves remains around
1% while at low temperatures it becomes more pronounced
reaching 5% for 5◦C.
In the case of the curves obtained through the averaging
method shown in Fig. 8, the error levels observed are similar
to those obtained using the incremental method. Although the
behavior is not so clear in this case, the error is around 2%
in all the SOC range up to the high end of the curve where it
reaches 6% for the curve obtained at 5◦C.
IV. SOC ESTIMATION
To analyze the effect that the OCV curve variations have
on the SOC estimation, a battery discharge test is performed.
For this purpose, the battery is subjected to successive WLTP
cycles alternated with 3 hours rest periods. To measure the
estimation sensitivity, the EKF seen in Section II is used
together with the curves obtained under different conditions
of temperature and aging and through different methods,
incremental test and constant current averaging.
The actual SOC reference is determined by enhanced
Coulomb counting, compensating the current and temperature
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Fig. 5. OCV curves obtained by incremental test at different aging states.
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Fig. 6. OCV curves obtained by averaging test (0.2C) at different aging states.
influence as explained in [4]. The estimation of the OCV has
an initial error of 0.1 V that converges to the real value before
the discharge test is started, the error analyzed corresponds
only to the discharge test. Two statistical metrics are used to
compare the performance, the mean absolute error (MAE) and
the root mean square error (RMSE) as illustrated in (2).
ek = SOC
EKF
k − SOCactualk
MAE = 1n
∑n
k=1 |ek|
RMSE =
√
1
n
∑n
k=1 e
2
k
(2)
Fig. 10 compares the SOC estimation using both the in-
cremental and averaging methods at different C-rates, Table
IV summarizes the error data. As it can be observed, the
lowest error corresponds to the incremental method being
below 1%. The averaging method achieves an error below 2%
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Fig. 7. OCV curves obtained by incremental test at different temperatures.
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Fig. 8. OCV curves obtained by averaging test (0.2C) at different tempera-
tures.
with C-rates of 0.2C and 0.25C, while the error is above 10%
for higher C-rates. However, the results in terms of RMSE
obtained by both methods at low C-rate are similar.
The effect of aging on SOC estimation and the accuracy
increase that can be obtained when updating the OCV curve
at the aged state are also studied. Fig. 9 shows the estimation
using the BOL and aged state curves obtained with the
incremental test on cell NMC-b, Table IV summarizes the
error data. It is observed that the maximum error using the
aged curve is below 1%, while if the curve obtained at BOL
is used, this error rises above 2%.
Finally, the temperature sensitivity in the SOC estimation
is analyzed. The estimation obtained when the OCV curve
temperature matches the test temperature (Fig. 11) is compared
with the estimation when the OCV curve is only measured at
a single temperature, 25◦C (Fig. 12). The error obtained in
both cases is shown in Table IV. In general, it is observed
that the error obtained in the second case is slightly higher,
this effect being more noticeable at low SOC levels. However,
the difference between both estimates is minor.
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Fig. 9. SOC estimation with incremental OCV curves at different aging states.
TABLE III
SOC ERROR AT DIFFERENT AGING STATES
OCV-SOC BOL Aged
Max Error 0.0232 0.0084
MAE 0.0117 0.0028
RMSE 0.0134 0.0035
x 
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Fig. 10. SOC estimation with OCV curves obtained through different
methods.
TABLE IV
SOC ERROR FOR INCREMENTAL AND AVERAGING TESTS
OCV-SOC Inc 0.2C 0.25C 0.5C 0.75C 1C
Max Error 0.0084 0.0175 0.0149 0.0341 0.1004 0.1636
MAE 0.0028 0.0057 0.0038 0.0098 0.0289 0.0509
RMSE 0.0035 0.0071 0.0054 0.0135 0.0408 0.0696
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Fig. 11. SOC estimation with incremental OCV curves at different tempera-
tures.
0 1 2 3 4 5 6
Time [s] 104
0.2
0.4
0.6
0.8
1
S
O
C
15°C actual
15°C EKF
25°C actual
25°C EKF
35°C actual
35°C EKF
0 1 2 3 4 5 6
Time [s] 104
-0.04
-0.02
0
0.02
0.04
0.06
0.08
S
O
C
 E
rr
or
15°C
25°C
35°C
x 
x 
Fig. 12. SOC estimation with incremental OCV curve at 25◦C.
TABLE V
SOC ERROR FOR DIFFERENT AMBIENT TEMPERATURES
Test 15◦C 25◦C 35◦C
OCV-SOC 15◦C 25◦C 25◦C 35◦C 25◦C
Max Error 0.0255 0.0243 0.0084 0.0126 0.0163
MAE 0.0064 0.0078 0.0028 0.0050 0.0071
RMSE 0.0093 0.0097 0.0035 0.0060 0.0080
V. CONCLUSION
SOC estimation is one of the main tasks in battery manage-
ment and although there are different methods to accomplish
it, the relationship between OCV and SOC is still the basis in
most of them. Therefore, it is important to consider how dif-
ferent factors involved in the measurement of this relationship
affect the SOC estimation accuracy. In this work, two different
approaches to measure the OCV curve have been studied as
well as their dependence on temperature and aging. For this
purpose, the SOC estimation performance has been analyzed
by using an EKF, which includes the OCV among its state
parameters. Thus, different OCV-SOC curves obtained under
different conditions were compared. The main conclusions
extracted from the results are listed below:
• The curves obtained through the incremental test show
a better performance compared to those using constant
current averaging, although for low current levels up
to 0.25C, the result obtained are very similar for both
and the error remains below 2%. Higher currents do not
correctly model the behavior of the OCV and therefore
should not be used.
• The aging of the cells produces slight changes in their
OCV curve that affect the SOC estimation. With the cells
used, after 350 cycles and 7% of capacity fading, there
is twice the error, although it remains below 3%. This
variation could be considerably larger at higher levels of
degradation. When the curves obtained by the incremental
and the averaging tests are compared, it can be concluded
that, due to the aging effect on the dynamic behavior of
the cell, the test conditions used to measure the OCV at
BOL may not be suitable for an aged cell.
• Regarding temperature, although this is the parameter
that a priory has the greatest effect on the curves, it is
mainly concentrated at the lower end, where the slope
is greater and, therefore, the final effect on the SOC
estimation is reduced. However due to the limitations
of this experiment, this could be different for other
chemistries or temperatures outside the studied range.
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